1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Br J Math Stat Psychol. Author manuscript; available in PMC 2019 November 14.

-, HHS Public Access
«

Published in final edited form as:
Br J Math Stat Psychol. 2019 November ; 72(3): 466-485. d0i:10.1111/bmsp.121609.

Using Multidimensional IRT to Evaluate How Response Styles
Impact Measurement

Daniel J. Adams?, Daniel M. Boltl, Sien Deng?, Stevens S. Smith3, Timothy B. Baker3
1Department of Educational Psychology, University of Wisconsin, Madison

2ACT, Inc.

SDepartment of Medicine, University of Wisconsin, Madison

Abstract

Multidimensional item response theory (MIRT) models for response style (e.g., Bolt, Lu, & Kim,
2014; Falk & Cai, 2016) provide flexibility in accommodating various response styles, but often
present difficulty in isolating the effects of response style(s) from the intended substantive trait(s).
In the presence of such measurement limitations, we consider several ways in which MIRT models
are nevertheless useful in lending insight into how response styles may interfere with measurement
for a given test instrument. Such a study can also inform whether alternative design considerations
(e.g., anchoring vignettes, self-report items of heterogeneous content) that seek to control for
response style effects may be helpful. We illustrate several aspects of an MIRT approach using real
and simulated analyses.

Various item-response theory (IRT)-based approaches have been proposed for the study of
response styles in self-report rating-scale instruments. A recent paper made a distinction
between multi-process tree IRT and threshold-based IRT models (Béckenholt & Meiser,
2017). We consider this a useful distinction not only in highlighting model types, but also in
contrasting different motivations that may underlie response-style modeling. Multi-process
tree methods (Bdckenholt, 2012; DeBoeck & Partchev, 2012; Jeon & DeBoeck, 2016;
Plieninger & Meiser, 2014; Thissen-Roe & Thissen, 2013) typically provide a more
prescriptive characterization of how respondents select among rating-scale categories on an
item that, as a result, is seemingly associated with a clearer separation of the influence of
substantive and response-style traits (whether valid or not). Consider for example a response
pattern in which the highest possible score category on a Likert-type rating scale (e.g.,
“strongly agree”) was selected for all items (and where agreement is assumed to imply a
higher level on the substantive trait). A multi-process tree model likely concludes that the
respondent is at a high level on both the substantive trait (due to consistent agreement with
all items) and an extreme-response-style (ERS) trait (due to consistent subsequent selection
of the extreme category across all items). By contrast, threshold models (e.g., Bolt &
Johnson, 2009; Eid & Rauber, 2000; Falk & Cai, 2016; Wetzel & Carstensen, 2015) are
generally agnostic to response process. Selection among response categories is often
portrayed as being simultaneously influenced by both substantive and response-style traits
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and, as a consequence, observed item scores are generally less informative indicators of each
trait type. Under a threshold approach, respondents may arrive at the exact same item score
pattern for different reasons. Given our hypothetical response pattern containing only
“strongly agree” responses, under a threshold model the pattern may reflect a respondent
with a high level on both substantive and ERS traits (i.e., a low threshold for extreme
response), as in the multi-process tree model. But the pattern may also reflect a respondent
with a moderate level on the substantive trait and high ERS, or a respondent with a high
substantive-trait level and no ERS (i.e., a moderate threshold for an extreme response). As a
result, when used to estimate respondent scores, a threshold approach might be expected to
yield a higher degree of uncertainty (e.g., higher standard errors) in both the estimated
substantive and response-style traits.

In their review of response styles and psychometric methods, Baumgartner and Steenkamp
(2001) considered many potential theoretical causes for response styles, an issue that is
likely important to consider in selecting among methods. One possibility is that a response
style reflects a respondent’s attempt to reduce the cognitive demand associated with
distinguishing several categories of a rating scale. For example, a respondent presented with
seven rating categories for each item may primarily use only a subset of the available scores
(e.g., 1, 4, and 7) not as the result of a deliberate process, but as a means of simplifying the
task of distinguishing multiple levels of agreement on the rating scale. Such a theory
coincides with speculation that response styles are more apparent on longer survey
instruments (Kieruj & Moors, 2012). One consequence of this theory is the potential for
numerous different response-style types. Indeed, studies that have taken an exploratory
approach to response-style modeling have in fact often identified a large number of
detectable response-style types (Bolt, Lu, & Kim, 2014; Van Rosmalen, Van Herk, &
Groenen, 2010).

Such complexities may make response style modeling a greater challenge under a
multiprocess-tree approach. In this paper we seek to illustrate how a threshold approach can
be conducive to an exploratory study of response styles and response-style effects. To this
end, we consider a model that Bolt, Lu and Kim (2014) originally presented in the context of
an anchoring vignette design that we demonstrate can also be applied without vignettes. In
addition to the flexibility afforded in modeling several response-style types, we suggest that
a potentially underutilized application of threshold-response-style models relates to ways
that the models can inform both how, and to what extent, response styles interfere with
measurement. Such interference in the measurement of a substantive trait may arise due to
the uncertainty response styles create above and beyond their potential contributions to bias.
The goal of this paper is to examine several applications for which an exploratory threshold
approach to response-style modeling may be well-suited, including: (1) an understanding of
response styles as sources of IRT person misfit; (2) an evaluation of the implications of
response-style heterogeneity on reduced precision in measurement of the substantive trait;
and (3) an ability to compare different test designs (e.g., tests with parallel versus
heterogeneous items) in terms of the consequences of particular forms of response-style
heterogeneity, as well as response-style detection and control.
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The threshold approach taken in this paper makes minimal assumptions regarding the
underlying cause(s) of response style heterogeneity, effectively allowing any form of
response heterogeneity to emerge for individual respondents, while also allowing for more
explicit quantifications of how response style contribute to uncertainty in measurement. One
advantage of quantifying the uncertainty is that it can also help in quantifying the potential
value of adopting an alternative design that seeks to measure and control for response styles.
Although such alternatives are not studied in this paper, they include, for example, (1)
anchoring vignettes (King, Murray, Salomon, & Tandon, 2004), namely objective scenarios
that respondents rate using the same rating scale as used for the self-report items, or (2) self-
report items of heterogeneous content (Greenleaf, 1992) to measure and potentially control
for response-style heterogeneity. The identification of consequential response-style
heterogeneity may also encourage consideration of a different response format, such as
forced-choice or situational-judgment format types. In this respect, psychometric models
used to inform about the effects of response style are possibly useful even if not used as
scoring models.

A Multidimensional Item Response Model for Response Style

Bolt, Lu, and Kim (2014) considered a multidimensional nominal response model (MNRM)
for response style in which the probability of selecting response category A (=1, ..., ) is
modeled using continuous latent variables to represent both substantive and response-style
traits. The Bolt et al. (2014) model accounts for response style using a respondent-level
category vector, denoted 7;= (m;1, mp, --. 1), that represents a respondent’s
disproportionate propensities toward use of each of the rating scale categories. The
probability of respondent j selecting category & on item 7is given by:

exp(aikej +cyt njk)

PXji=k10;m) = &)

7
Ty g explagf;+cy + 1)

where arbitrary normalization constraints 22 _1¢,=0and Zﬁl _np=0are applied within

item and respondent, respectively. The values of 7, reflect a respondent’s disproportionate
tendency to over- or under-select individual categories, conditional upon the unidimensional
substantive trait (8)). A positive nj suggests the respondent over-selects category A while a
negative 7, implies under-selection. For the application we present below, we considered /=
7, and fixed the category slopes (i.e., the scoring function) for each item /7as a,; =
(-3,-2,-1,0,1,2,3). We chose this scoring function to produce a latent metric for the
substantive trait that has a similar interpretation to the traditional sum score metric. These
fixed slopes are commonly used as a measurement constraint (e.g., Masters, 1982). The
model in (1) was applied in Bolt, Lu and Kim (2014) in the context of an anchoring vignette
design; for the purpose of this paper, however, we considered an application of the model
without vignettes. Our study of the model without anchoring vignettes by simulation
suggested that for a suitably long test (>50 items), the variability in respondent-level 7
estimates appears to be captured sufficiently well for the types of applications to be
considered in this paper (recovery correlation between true and estimated 74 >.75).
Although not a focus of this paper, additional studies of the model in (1) with and without
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the application of vignettes would appear useful, both in better understanding the model,
optimal vignette designs (e.g., how many vignettes appear necessary), and the implications
of traditional assumptions needed when using vignette designs (von Davier, Shin,
Khorramdel, & Stankov, 2017).

Similar to Bolt, Lu and Kim (2014), in this paper we estimated the model using a Markov
chain Monte Carlo (MCMC) algorithm. We adopted priors cj, ~ Normal0,1) for the
unnormalized item category parameters; for the respondent parameters we used &;~
Normal(0,1) for the substantive trait, and for the unnormalized 7 parameters we assumed

njk~Normal(0, aﬁ), where aﬁ~Gamma(1, 1). We chose to independently sample the parameters

across categories recognizing the alternative possibility of multivariate priors. One reason
for adopting this approach was to help ensure an equivalence in the detection of response
styles of any form, an issue of particular relevance to the person-fit analyses. As the variance
of the & prior was fixed at 1 to identify the metric, we estimated the variance of the

parameters (03]). As we show shortly, this quantity proves useful as an index for quantifying

the degree of response-style heterogeneity in the population. We discuss this index further in
later sections.

We implemented the MCMC algorithm using WinBUGS 1.4 (Spiegelhalter, Thomas, &
Best, 2003). Specification of the priors above leads to a Metropolis Hastings sampling
algorithm that used an initial 4000 iterations to tune proposal distributions. We subsequently
simulated up to 6000 additional iterations for purposes of estimating model parameters.
Convergence of the chain to a posterior distribution was monitored using the Gelman-Rubin
(1992) A< criterion for the item intercept and respondent parameter estimates. We reported
as point estimates of respondent parameters (9, #) the mean of the observations sampled
from the final 5000 iterations (omitting the first 1000 of the 6000 estimation iterations as
burn-in), and used posterior standard deviations (psd’s) as indicators of precision.

Study 1: Response Styles as Sources of IRT Person Misfit

The MNRM in (1) can potentially be used to study response styles at the individual
respondent level. We applied the MNRM here in conjunction with a person-fit evaluation to
examine the nature and the extent of response-style heterogeneity observed in the 68-item
Wisconsin Inventory of Smoking Dependence Motives (WISDM-68; Piper, Felderman,
Piasecki, Bolt, Smith, Fiore, & Baker, 2004).

Study 1 Goals

One concern regarding response-style heterogeneity is its potential to undermine the validity
of response patterns as indicative of the substantive trait. In item response theory, one means
of investigating validity at the respondent level uses person fit-analyses that, within a
Bayesian framework, can be examined using deviance statistics (Glas & Meijer, 2003). In
this study, we define relevant deviance statistics that permit evaluations of over-/under-use of
rating scale categories.
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Study 1 Methods

Posterior predictive model checking (PPMC) entails a comparison of deviance statistics as
defined for the observed data T(x)) against replicated data sets T(xgp,) that conform to the
model being fit (Sinharay, 2005). To investigate misfit related to response-style
heterogeneity of the type captured by the model in (1), we defined deviance statistics with
respect to a partial credit model (PCM; Masters, 1982):

exp(aikej +c;)

P(le=k|9])= )

ng =1 &Xp(a;,0, +c;p)

where a;=(-3,-2,-1,0,1,2,3). The PCM is viewed as a special case of the model in (1)
where n;= 0 for all respondents. Although our misfit analysis is based on application of the
PCM, to further explore the nature of the response-style heterogeneity, we examine these
deviance-statistic results in relation to the MNRM estimates observed for individual
respondents so as to understand the occurrence of person misfit. Similar to how we estimate
the model in (1), for the PCM in (2) we adopted priors of 6~ Normal0,1) across

respondents and cj,~ Normal0,1) across items and categories, where Zﬁl —1¢;,=0,and

replicated the same MCMC estimation process. At each iteration, we also generated
replicate response vectors X, ; for each respondent / and a corresponding deviance statistic
T(Xrgp,)- Across iterations we used T(Xgp /) to define respondent-level reference
distributions against which the deviance statistic for the observed response pattern T(x;) was
compared.

The first deviance statistic we considered was the log-likelihood of the response pattern for
respondent /.

N1
Tpxp = '21 kzlxijk log Py
= =

where P = AXji=k |6) and xji = 1 if Xj;=k and 0 otherwise. A second deviance statistic
aligning more with the form of response-style heterogeneity in (1) considers the sum of the
squared deviations between the observed (OF) and expected (EF) category frequencies at the
respondent level. OF is an felement vector representing the number of times each category
was selected (across items) by the respondent. EF is a vector of the same dimension
indicating the expected frequency the respondent was to select each category conditional
upon the respondent 8 under the PCM. The EFs served as a reference against which we
evaluated the OFs for the observed response vectors. Specifically, the deviance statistic for
respondent jwas calculated as:

i
B 2
Tpx)) = kgl (OF ; = EF; )

To calculate the 7gstatistic, we first needed to determine £F; « for each respondent and
score category. For this purpose, we applied an initial MCMC simulation of 1000 iterations
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under the PCM model with the sole purpose of estimating £F; 4 for each respondent and
category. The expected frequency of category A for respondent jwas then the sum of
probabilities of the respondent selecting category kacross the N/ items:

As EFjwas calculated at each iteration of the chain, we took the mean across the last 5000
iterations as a point estimate against which the observed and replicate frequencies were
calculated. Subsequently, a second simulated chain of 10,000 iterations was run in which the
observed frequencies, based on the simulated replicate response vectors, were calculated in
relation to the estimated £F; 4 from the previous run.

Model fit was determined by the proportion of 10,000 replications for which T(x) > T(X/ep,)
under the 7, statistic and for which T(x)) < T(Xg) under the 7¢statistic. We were
interested not only in respondent under-fit but also over-fit, as overly consistent response
patterns involving repeated selection of the same category(ies) may yield response patterns
with higher than expected conformity to the PCM model. As a result, we flagged
respondents for which either the proportion is less than or equal to 0.025 (under-fitting) or
greater than or equal to 0.975 (over-fitting).

For purposes of illustration, we applied these methods to actual response data from a 68-
item measure of tobacco dependence, the Wisconsin Inventory of Smoking Dependence
Motives (WISDM-68; Piper et al., 2004). The WISDM-68 items reflect statements indicative
of tobacco dependence (e.g., “I often smoke without thinking about it”, “I frequently crave
cigarettes”) that each respondent scores on a 7-point scale (1 = “not at all true of me” to 7 =
“extremely true of me”). An overall score is reported as either a mean or sum score across
all items. Higher scores indicate higher levels of dependence. The current dataset involves
the item responses of 1504 smokers administered the WISDM-68 prior to a quit attempt in a
tobacco cessation study. A small number of missing responses, < .5%, were recoded as 4s
for purposes of the current analysis. We discuss this issue further below.

Study 1 Results

Table 1 displays cross-tabulation results for each of the 1,504 observed response patterns in
the WISDM-68 data. As seen from the row and column marginals in the table, substantial
differences appear to exist in the sensitivities of the 7; and 7zstatistics to person misfit.
Specifically, a much larger proportion of respondents showed under-fit with respect to 7¢
compared to 7;. These findings were not surprising in the presence of actual response-style
heterogeneity, as the 7, statistic was designed to be much more sensitive to such effects than
7;. As (in practice) greater attention tends to be devoted to under-fitting patterns when
attending to likelihood-based criteria, we note that well over half of the response patterns
(821/1504) displayed under-fit with respect to 75 while less than 10% (140/1504) of the
same patterns showed under-fit for 7;. A total of 92/140 (66%) of patterns showing under-fit
under 7; also showed under-fit under 75 a higher conditional proportion than those either
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fitting or over-fitting under TL(% =53%:; 22(1,N = 1504) = 7.69, p < .01), suggesting
response style is a frequent source of likelihood-related misfit where it occurs. At the same
time, many of the under-fitting patterns under 7-were not detected as either under-fitting or
over-fitting under 7, suggesting that over-/under-utilization of response categories often
does not yield likelihood-based misfit. The difference between deviance statistics
underscores the fact that response-style heterogeneity will often not manifest as likelihood-

related misfit at the respondent level.

Table 2 provides examples of observed response patterns along with their corresponding
PPMC p-values for the 7; and 7zstatistics, and parameter estimates under the MNRM. The
first three patterns provide examples of patterns that were detected as under-fitting for 75
but not for 7;. By attending to the profile of 7 estimates observed under the model in (1),
the nature of the response style can be interpreted. Respondent 1472 produced a pattern
reflective of ERS, with large positive estimates for 7; and 77, while Respondent 1228
showed a tendency to avoid the extreme categories, to overselect categories 3 and 4(with
largest positive estimate for 7,) and to underselect categories 2 and to a lesser extent 6.
Other patterns were more similar to those of Respondents 720, 230, and 1431 and displayed
patterns not reflective of any of the more traditionally discussed response style types. For
example, Respondent 720 displayed over-selection of 2s and 6s (as reflected by large
positive estimates of 7 and 7g); Respondent 230 showed over-selection of 2s and under-
selection of 5s (as reflected by large positive estimate of 7, and a large negative estimate of
75), while Respondent 1431 involved over-selection of 3s (as reflected by large positive
estimate of 7). Importantly, the standard errors for the n estimates in all of these patterns
were relatively large implying the specific degree of response style is difficult to measure
precisely at the category level; nevertheless, general patterns of over- and under-utilization
of response categories does seem to be discernible for many of the patterns.

Further exploration of response-style heterogeneity can attend to the covariance structure of
n;= (. p, ---, M) across respondents observed under the MNRM. In this analysis, we
extracted principal components of the covariance matrix of the #n estimates after fitting the
MNRM model.l We observed rescaled eigenvalues of 3.05, 1.37, 1.13, .72, .69, .04 and 0
(the last being 0 due to the sum-to-zero constraint applied to n), indicating approximately 79
percent of the variance is explained by 3 components. The component loadings of the first
three components are shown in Table 3. It is important to note that the components are best
viewed as continuous dimensions of response style, with both ends of the component
continua reflecting different (and diametrically opposing) aspects of response style. With
this in mind, Component 1 appeared to correspond to an ERS/anti-ERS dimension, while
Component 2 distinguished respondents over-selecting Category 2 and under-selecting
Categories 4 and 5 (at the positive end of the component) versus the opposite (at the negative
end). Finally Component 3 distinguished respondents that over-selected Category 6 and
under-selected 3 and 4 (at the positive end of the component) versus the opposite (at the

1Principal components could also be extracted from a latent n covariance structure if such a structure were introduced as a part of the
model. When we specify a model that introduces an inverse Wishart prior on n using the current WISDM-68 data, we do in fact
observe a covariance structure very similar to what is observed when to the covariance matrix is calculated from the n estimates with
independent univariate priors.
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negative end). Importantly, the specific forms of response style observed among individual
respondents may not align with only one component, but rather a combination of
components, as the components are mutually orthogonal. Thus, while there are three
distinguishable dimensions that appear useful in describing response style heterogeneity, the
components have the potential to work in combination to reflect many different response
style types.

Recall that our analysis also chose to treat missing responses as ‘4’s. While at one level this
treatment seemed appropriate (to the extent that missing might correspond to uncertainty,
and hence an anticipated response in the middle of the rating scale), this naturally leads to a
confounding of MRS with nonresponse. We examined the implications of our treatment of
missing responses as ‘4’s by contrasting the principal component analysis results with an
analysis that used listwise deletion in treatment of missing responses (reducing the sample
size to 1437). We observed virtually identical results, suggesting no noticeable effects on our
overall evaluation of response-style heterogeneity. Nevertheless, we note that in practice
alternative approaches might be taken. For example, one possibility would be to treat the
missing response as a unique response category, and empirically estimate its relationship to
the substantive trait.

Table 4 displays the resulting component scores for the respondents in Table 2. As the
component scores are standardized, Misfit respondents 1472, 1228 and 720 provide
examples of response styles that appear to be captured to some extent by these three
components given the presence of component scores that are large in absolute magnitude;
misfit respondents such as 230 and 1431 are somewhat less so, likely reflecting the
uniqueness of their response styles. Respondent 1228 provides an example in which all three
components appear relevant, with the three component scores all being of at least moderate
size in absolute magnitude. Recall that while Respondent 1228 shows evidence of anti-ERS
(negative on Component 1), the Respondent also shows a tendency to under-select 2
(negative on Component 2) and 6 (negative on Component 3). In other words, the presence
of three meaningful components makes possible unique response style types that are best
reflected by some combination of the components. In summary, the presence of three
meaningful (but still incomplete) principal components gives a clear sense that there are
many different response style types present in the WISDM-68 data.

Taken together, response-style heterogeneity appears quite common with the category
frequency person fit statistic indicating that the majority of respondents showing detectable
departures in rating scale usage from expectations under a partial credit item response
model. Further, these results suggest that while response styles such as ERS emerge as
sources of response-style heterogeneity, other response styles also exist. If some response
styles (e.g., unexpected ones) are not identified and addressed, they might confound the
measurement of identified response styles and the substantive trait(s). Given these results,
we look next at some of the ways in which the model in (1) can provide a basis for better
understanding the implications of response-style heterogeneity on measurement precision.
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Study 2: Evaluating the Implications of Response-Style Heterogeneity for

Reduced Measurement Precision

By assuming a simultaneous influence of substantive and response-style trait(s) on category
selection, the MNRM approach to response-style heterogeneity also provides a tool for
evaluating the effects of response style on the precision of measurement related to the
intended substantive trait(s).

Study 2 Goals

We have previously addressed the use of the MNRM to study bias (Bolt & Johnson, 2009;
Bolt, Lu, & Kim, 2014) so we focused primarily on implications for precision in this study.
We anticipated that varying levels of heterogeneity in respondent response styles would lead
to varying effects on the estimated precision of a respondent’s trait estimates, as the more
respondents vary in their use of rating scales, the less confident one becomes that the
substantive trait estimate is a meaningful reflection of the underlying trait. Given the
adoption of a Bayesian estimation approach, we evaluated the precision of substantive and
response-style trait estimates by attending to the posterior standard deviations (psd’s) for
each respondent parameter.

Study 2 Method

We initially examined the effects of response-style heterogeneity through simulation
analyses. Specifically, using the category intercept estimates from the WISDM-68 analysis
as generating item parameters, we simulated respondent trait parameters for 1000
respondents according to the priors specified earlier (i.e, 6~ Normal0,1)), but consider
separate conditions of (1) low: ny~ Normal (0,.08), (2) medium: e~ Normal(0,.75) and (3)
high nj~ Normal0,2.08) response-style heterogeneity. We fitted the MNRM using the same
Bayesian specifications as applied above. Our initial goal was to examine how well the

model recovered aﬁ and distinguished conditions of low, medium, and high response-style

heterogeneity.

Study 2 Results

We found the MCMC algorithm recovered 0'12] quite well, with 8ﬁ = .09 (se=.003) in the low
heterogeneity condition, 83 = .76 (se=.011) in the medium heterogeneity condition, and

&ﬁ =2.15 (se=.037) in the high heterogeneity condition. We next examined the implications

of these varying levels of response-style heterogeneity on the respondent parameter
estimates. Specifically we examined the posterior standard deviations of both the &and 7
parameters. Not surprisingly, we found the posterior standard deviations of both the
response-style and substantive trait parameters to become increasingly larger under the
conditions of medium and high response-style heterogeneity. As anticipated, greater
response-style heterogeneity coincided with greater uncertainty both in the estimated
response styles of respondents, and as a consequence, in the estimated substantive trait.
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Figure 1 illustrates the relationship between  and psd(8) under the low, medium, and high
response-style heterogeneity conditions. As implied by Table 5, psd’s increased as
heterogeneity increased. In a Bayesian estimation framework, the greater uncertainty in 6
also yielded shrunken estimates, as greater response-style heterogeneity resulted in estimates
that are also pulled closer to the mean (0). This is seen in Figure 1 where the extreme 6 (in
each condition, 8~ Normal0,1)) were successively pulled closer to 0 as the amount of
response-style heterogeneity increases. Also of interest is the increased variability seen in
psd(6) for the medium and high heterogeneity conditions conditional upon é.

In a practical measurement setting, one application of these results would be to quantify the
anticipated value of adopting an anchoring vignette design, for example. A goal of
administering anchoring vignettes is to estimate examinee response style (;7) independent of
the self-report items, and to, in turn, use those estimates to improve estimation of 6 (Bolt,
Lu, & Kim, 2014). In this regard, we can also evaluate the posterior standard deviations of &
under a condition where each 7 is fixed. The last row of Table 5 shows this estimate when
each nwas set at its known value of 0. The resulting value functions as a type of limiting
condition against which to evaluate the effects of the response-style heterogeneity.

Consistent with the relation between response-style heterogeneity and the precision of the
estimated substantive trait, we also saw a strong relationship between the precisions of
response-style estimates and substantive trait estimates at the individual respondent level.
Figure 2 displays the relationship observed for each of the simulation conditions and the real
data. The magnitude of response style (as quantified by the average absolute magnitude of ;
across categories), as anticipated, contributed to a reduction in the precision of the estimated
6. As an illustration of this, the last two cases in Table 2 (Respondents 180, 1431) show
example response patterns with similar overall observed & estimates under the PCM model
(—.40 and -.50 respectively), both having posterior standard deviations of .08. But under the
MNRM, the posterior standard deviation of Respondent 1431 increased much more (.31)
than that of Respondent 180 (.18). Consistent with the explanation above, the increase in
posterior standard deviation observed for Respondent 1431 was possibly largely caused by
the presence of a strong response style, in this case a tendency to over-select Category 3.

Study 3: Using a MIRT Model of Response Style to Inform Test Design

A third aspect of response-style influence that we can examine using an MNRM relates to
the effects of instrument design. Many self-report instruments consist of items that are
approximately parallel in the sense of the classical true score model(i.e., items with the same
true scores, variances for each respondent). While item parallelism is sometimes viewed as a
desirable psychometric property, in the presence of response styles, item parallelism might
be anticipated as problematic.

Study 3 Goals

In this section we use the MNRM to explore how test design interacts with response style to
affect (1) the bias of sum scores as indicators of trait level, and (2) measurement precision.
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We anticipated that greater item parallelism yields more substantial effects of response style,
and use the MNRM model of response style to better understand these effects.

Study 3 Method

Using a simulation illustration, we generated response data in relation to two hypothetical
tests. Specifically, we considered two hypothetical tests that are distinguished by the amount
of variability simulated in the ¢ vectors across items. Under an MNRM with equal category
slopes, we can created a condition of item parallelism by holding constant the ¢ parameter
vectors across items, while a condition of item heterogeneity (i.e., lack of parallelism) exists
to the extent that the c parameter vectors vary. For the item parallelism condition, we
generated ¢~ NMormalk0,1) using the same category intercepts across items, while for the
item heterogeneity condition, we generated ¢~ Normal0,1), allowing the category
parameters to vary across items.

For simplicity, we generate data with respect to a special case of the MNRM in which
response-style heterogeneity is only a function of an ERS dimension. As above, the
respondent parameters were generated to vary with respect to both a substantive trait
dimension (B) and a response-style dimension corresponding to ERS (7£rs). The model
used to generate the data is from Bolt and Johnson (2009):

explayl; + ¢y + agp; WMegs, )

I
T exXpa;,0; + ¢ +appg ; Mg, ;)

P(X;=k|0:1) = &)

where a;= (-3,-2,-1,0,1,2,3) and aggs; = (2,—.8,-.8,—.8,—.8,-.8,2)for all items / again
applying normalization constraints Zi, =16=0 within items. Further, we generated 6~

Normak0,1), and nggrs ~Normal0,1). Item responses were simulated for 50 7-category
items and 1000 respondents. From the previous section, the capability of measuring 8 should
naturally be dependent on how well 7zzsis measured. The ability to measure ngpsis likely
also affected by test design. We expected, for example, that item parallelism will increase
the difficulty in determining whether the consistent use of the same response category
reflects a response-style tendency or not, as item parallelism would imply that the same item
scores tend to be observed across items even in the absence of response style. We thus also
examined the precision with which nzpswas estimated for each test under the MNRM.
Along the lines of the previous section, we also compared the two hypothetical tests with
respect to their estimation of 6.

Study 3 Results

Table 6 displays the results. As anticipated, under the conditions of item parallelism, we
observed substantially less precision in the estimation of nzrs, and consequently, a much
greater increase over the PCM in terms of the mean posterior standard deviation of 6.
Further inspection of the distribution of these mean posterior standard deviations across
respondents suggested the difference can be attributed in part to several patterns for which
posterior standard deviations are very large in the parallel item condition.
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Following Bolt and Johnson (2009), we also estimated bias in the expected sum score for the
scale by evaluating the expected sum score as a function of 6, 7srsand compared it against
the expected sum score when ngggis at its mean (0). The expected sum score was calculated
as a function of the category probability functions defined by the model in (3) where

ESO,nppe) = N | Sk kX P(U; =k | 6, 155) )

and then the difference in expected scores was calculated as:

BIAS(0, ”ERS) = ES(0, nERS) - ES(0,0) (5)

to quantify bias. Figure 3 illustrates the resulting bias curves across different levels of nggrs
for the measures with item parallelism and item heterogeneity, respectively. As seen in the
figure, greater heterogeneity of items tended to reduce the concentration of bias related to
ERS. For the specific parallel test simulated, this bias is found to be maximized just below
and just above the mean & level (0). At such @ locations, expected scores of 3s (for
respondents having & just below 0) or 5s (for respondents having & just above 0) are
anticipated (on a 7 point rating scale); however, high ERS respondents would instead select
1s and 7s, respectively, thus creating the substantial bias in overall sum scores.

Thus, item heterogeneity appears to function in two positive ways with regard to response
styles on self-report survey instruments. First, it makes response styles easier to detect/
measure, and thus potentially control for, in terms of their influence on the substantive trait.
Second, heterogeneous tests appear to reduce bias associated with ERS, or at a minimum,
reduce its concentration. In the above example, where the most substantial bias occurs near
the center of the © distribution, it seems that this reduced concentration of bias is particularly
beneficial.

Implications for Response-Style Assessment for the WISDM-68

Based on the analyses conducted in this paper, we arrived at several conclusions regarding
response-style influence on the WISDM-68. First, response style appeared to come in a
variety of forms. Variability in the use of extreme and midpoint response categories
explained part of this heterogeneity, although other sources of heterogeneity are present as

well. The overall amount of response-style heterogeneity was of medium size (&ﬁ = 0.745)

relative to the conditions simulated; further, the effect on MNRM posterior standard
deviations of the substantive trait was of reasonable magnitude (increasing on average from .
08 under the PCM to .23 under the MNRM), suggesting that accounting for response-style
heterogeneity influenced the precision with which the substantive trait was estimated.

Second, aspects of test design appear to influence the effects of response style. An appealing
feature of the WISDM-68 is that its items lack parallelism with items that vary considerably
in terms of their means (2.67 to 5.92), implying that most respondents are expected to report
scores reflecting a range of different rating-scale values. As a result, the effects of response
style in terms of bias were reduced, and likely confined to respondents showing strong
response styles. Figure 4 shows examples of bias curves related to two of the respondents in
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Table 2—Respondent 1472, who showed evidence of ERS, and Respondent 1431, who over-
selected 3s. Of all 1504 respondents, the largest adjustment in & comparing the PCM and
MNRM was seen for Respondent 1431, whose @ estimate was still only adjusted (decreased)
by % standard deviation (from —.50 to —.97), a relatively small adjustment. Nevertheless, the
reason for the adjustment is apparent from the bias curve for Respondent 1431, which
achieved its peak at approximately 6= —1.3, close to the MNRM & estimate of the
respondent (and, as the adjustment would suggest, yields bias in a positive direction). The
bias curve for the response style of Respondent 1472 looked similar to that implied by a
heterogeneous test (as in the simulation). Apart from a few individual respondent
adjustments, the adjusted MNRM 6 estimates still correlated with the PCM & estimates at a
high level of .95, and with WISDM-68 total scores at .92, suggesting the overall biasing
effects were relatively small.

A third feature of the WISDM-68 dataset with regard to response style is that we observed
only minimal correlations between the substantive trait and response styles. Specifically, the
correlations between the MNRM @ and each of Components 1, 2 and 3 were .07 (p=.008), .
00 (p=.862), and .05 (p = .075), respectively, and range from —.13 (p < .001) for 73 to .12
(p<.001) for 77. The weakness of such correlations generally implies minimal effects in
terms of correlational bias from use of the WISDM-68 (Plieninger, 2016). Indeed, we found
that use of the bias-corrected MNRM 6 estimates has virtually no effect on the prediction of
abstinence at either end-of-treatment or six months post-quit. Of course, while these
abstinence outcomes are highly clinically important, they are likely insensitive to
dependence per se given that they are influenced by numerous additional factors (Bolt et al.,
2009).

Despite these encouraging findings for WISDM-68, we note that there are contexts where
the effects of response style on the precision of substantive trait estimates can have
implications. Bolt and Johnson (2009) and Morren, Gelissen, and Vermunt (2012), for
example, examined how response-style heterogeneity can frequently contribute to apparent
differential item functioning (DIF), particularly when response styles correlate with other
respondent variables. In this respect, all three PCs of response style show correlation with
education (-.26, p<.001; .20, p<.001; .18, p<.001, respectively), suggesting potential
interference of response styles in DIF analyses related to education.

Conclusion

A goal of this paper was to highlight the potential of an MNRM model of response style to
inform how response-style heterogeneity may interfere with measurement of a substantive
trait. The flexibility afforded by an MNRM in representing many different response styles
makes it potentially useful both in examining response styles at the respondent level as well
as in quantifying the overall amount of response-style heterogeneity in a test-taking
population. As a statistical model, the MNRM can be used to understand not only how
response styles contribute to bias, but also how they may reduce the precision with which the
intended substantive trait is measured.
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When using a fully Bayesian method to estimate the model, we observed that the nature of
the interference produced by response styles depended on individual respondent-,
respondent population-, and test-related factors. Specifically, individual respondents whose
score category usage reflects a greater departure from the norm (as reflected by a larger
absolute 7) tended to show greater increases in the posterior standard deviation of 6.
Likewise, greater response-style heterogeneity in the population, as quantified by the

response-style hyperparameter variance 8n, similarly led to greater uncertainty, both in

individual response styles, and as a consequence, in the substantive trait. Finally, in terms of
test properties, greater item parallelism yielded similar reductions in response-style and
substantive trait precision. Tests with greater item heterogeneity seemed to provide an
advantage both in allowing for better assessment of response style (and in turn the
substantive trait), but also appeared to simultaneously disperse the concentration of bias that
can occur as a result of response styles such as ERS. For the WISDM-68, the biasing effects
of response style seemed to be mitigated both by the presence of item heterogeneity as well
as the lack of meaningful correlations between the substantive trait and more prominent
response-style types (e.g., ERS).

While the MNRM is flexible, it is also important to acknowledge its limitations, especially
its inability to detect response styles that correlate highly with €. This limitation may be
significant in that such response styles ultimately seem to contribute the most to bias
(Plieninger, 2016). As an example, acquiescent tendencies may be more difficult to detect
with the MNRM, especially for tests where item endorsement (agreement) is also
simultaneously indicative of higher 6. Additional design considerations beyond item
heterogeneity, such as reverse worded/scored items, may be needed to help make such
response styles more apparent.

At a minimum, it seems that response-style heterogeneity of medium or greater magnitude
should call into question the application of standard IRT models. From one perspective,
response styles can be viewed as a source of local dependence that implies individual items
should not be viewed as independent sources of information about the trait. The analyses
presented in this paper were designed to be illustrative; clearly more extensive real data and
simulation studies will be useful in both extending the findings, and addressing some of the
inevitable nuances associated with this work. It will be useful to consider generalizations of
the model that permit correlations between both the substantive and response-style latent
traits, both to maximize interpretability of the response styles as well as to yield a
substantive trait that is maximally aligned with the intended-to-be-measured trait.
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Figurel.
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Medium, and High Response-Style Heterogeneity Conditions, Simulation Study.
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Bias Curves for Heterogeneous ltems
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of ERS, Hypothetical Parallel Iltem and Heterogeneous Item Tests.
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Figure 4.
Quantification of Bias in Relation to Theta as a Function of Observed Eta Estimates,

WISDM-68 test, Respondents 1431 and 1472.
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Cross-Tabulation of Person Misfit Frequencies with respect to the T, and Tg Deviance Statistics, WISDM-68
respondents (N=1504)

Likelihood (T,)

Category Frequency (Tg)

Under-fit Fit Over-fit Row marginal

Under-fit
Fit
Over-fit

Column marginal

92 47 1 140
710 589 2 1301
19 44 0 63
821 680 3 1504
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Component Loadings for First Three Components, Principal Components Analysis of 1) Estimates at

Table 3

Respondent Level

Rescaled Component L oadings

Category Component1l Component2 Component 3

1

2
3
4
5
6
7

.93 -.26 .24
-.42 .85 .02
-.61 -.03 -.50
-.50 -44 -.43
-.60 -.45 .20
-41 14 .80

.93 21 -.29

Br J Math Stat Psychol. Author manuscript; available in PMC 2019 November 14.

Page 23



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Adams et al.

Table 4

Component Scores of Principal Components 1-3 for the Example Respondents in Table 3

Component Scores

Category Component1 Component 2 Component 3

1472
1228
720
230
470
582
180
1431

2.57 -.96 -1.17
-1.74 -2.89 -2.29
.25 2.76 1.13
15 1.93 -1.75
.73 -.27 -.33
.61 .34 72
-.27 .05 -.28
-.64 -.27 -2.18
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Average Estimated Posterior Standard Deviations of MNRM Respondent Parameters, Low, Medium and High
Response-Style Heterogeneity Conditions, Simulation Analyses

Mean Posterior Standard Deviation

n e
Low Heterogeneity 0.24 0.16
Medium Heterogeneity 0.57 0.26
High Heterogeneity 0.83 0.36
1 Fixed 0.14
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Table 6

Descriptive Statistics for Posterior Standard Deviations of 6, Item Parallelism and Item Heterogeneity
Conditions

Mean Posterior Standard Deviation SD of Posterior Standard Deviations (Min,Max)

PCM MNRM PCM MNRM
Condition 0 0 N ERS 0 0 N ERS
Parallel 17 25 36 .08(.11,.46) .13(.06,.72) .19(.08,.65)
Heterogeneous 14 .18 21 .08(.09,.51) .09(.09,.55) .11(.10,.54)
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